Patient disease subtypes have the potential to transform personalized medicine. However, many patient subtypes derived from unsupervised clustering analyses on high-dimensional datasets are not replicable across multiple datasets, limiting their clinical utility. We present CoINcIDE, a novel methodological framework for the discovery of patient subtypes across multiple datasets that requires no between-dataset transformations. We also present a high-quality database collection, curatedBreastData, with over 2,500 breast cancer gene expression samples. We use CoINcIDE to discover novel breast and ovarian cancer subtypes with prognostic significance and novel hypothesized ovarian therapeutic targets across multiple datasets. CoINcIDE and curatedBreastData are available as R packages.
Background
Subtyping patient disease populations using highdimensional molecular data and unsupervised clustering algorithms has transformed how researchers and clinicians interpret and quantify heterogeneity within a disease. Early gene expression cancer subtyping research showed that gene expression patterns can stratify patients into subtypes with distinct survival patterns [1] ; such subtypes have the potential to drive personalized patient treatment regimens [2] and risk prediction models [3] . Unfortunately, while many studies report novel subtypes for various diseases [2, 4, 5] , these subtypes are rarely routinely implemented in clinical practice. A major hurdle is that subtypes derived from highdimensional data platforms are oftentimes not replicable [6] . In a recent opinion article discussing trustworthy experiments, replicability is defined as 'the chance that an independent experiment targeting the same scientific question will produce a consistent result' [7] . In the case of patient subtypes, this means subtypes with similar signaling patterns can be found across multiple datasets. Replicability is a key aspect of defining whether an analysis is trustworthy or not; if a clinician cannot trust the analysis that produced the subtypes, then there is little hope for widespread adoption and a true translation from bench to bedside.
There are two large hurdles to producing replicable patient subtypes: a lack of curated disease-specific dataset collections and a lack of methods that discover consensus across clusterings from multiple datasets. When a collection of several datasets is available, there exist few widely adopted approaches to clustering multiple datasets to derive patient subtypes. Arguably the most popular approach is to concatenate all of the datasets into a single data matrix and then cluster this matrix. While this method can find interpretable signal [8] , a large drawback is that the datasets must first be transformed using batch correction techniques to remove dataset-specific noise [8, 9] . While these methods smooth out signal variances across datasets that may indeed be noise artifacts, these variances might also be true signaling patterns. An example of the latter case is when datasets are from different targeted clinical trials with different latent disease subtypes. An additional drawback to concatenation is that it provides a single clustering, and thus valuable information about the consensus of the datasets within each subtype is lost. In supervised replicability analyses, it is common to not concatenate data matrices, but to confirm consensus of signaling patterns within, and then across, each dataset by conducting a meta-analysis with metrics such as effect size [10] . Here, an effect size for each feature (gene) is first computed within each dataset using binary supervised labels, and then a summary effect size across all datasets is computed; features with a large summary effect size are interpreted as being robust to dataset-specific noise artifacts and more likely to represent signal that highly distinguishes patients that do not share the same binary label. This meta-analysis approach has shown promise in high-dimensional molecular datasets across various platforms without any batch correction transformations to discover repeatable signal in supervised analyses [11] .
However, an analogous meta-analysis method does not exist in the unsupervised realm for patient subtypes; consensus clustering and ensemble clustering evaluate cluster stability within a single dataset [12, 13] and methods to discover repeatable feature, for example, gene, subtypes, oftentimes rely upon the fact that feature labels are shared across datasets [14] , which is not the case for patient labels across different institutions or clinical trials. There have been efforts to cluster across clinical datasets, but these methods assume the starting point of the analysis is an existing set of pre-defined edges (relationships) between nodes, which is normally not the case for de novo clustering analyses [15] . We propose a novel methodological framework called CoIN-cIDE that discovers robust patient subtypes, or metaclusters, across multiple datasets. CoINcIDE builds upon the In-Group-Proportion metric [16] , a method that quantifies the replicability of a single set of subtypes applied to a single external dataset. CoINcIDE does not require batch correction techniques, as it expands upon the meta-analysis approach to discover consensus across individual clusterings from each dataset, as opposed to a single concatenated matrix.
Here we present a comprehensive framework called CoINcIDE: Clustering Intra and Inter DatasEts (Fig. 1 ). CoINcIDE enables researchers to discover truly replicable subtypes and is implemented as an R package providing functionality from initial data processing to final meta-cluster functional analyses. Next, we present a high-quality database collection of 24 breast cancer gene expression datasets encompassing 15 studies with linked outcomes and treatment information as a second R package. We apply CoINcIDE on this breast cancer collection and a previously developed ovarian cancer dataset collection [17] . We show that CoINcIDE validates known breast cancer subtypes and discovers ovarian cancer subtypes with prognostic significance and novel hypothesized therapeutic targets, all across multiple datasets.
Methods
We have developed a comprehensive suite of resources, tools, and methods to enable researchers to conduct robust meta-cluster analyses and discover replicable patient subtypes in the form of two R packages: CoINcIDE, which implements a set of novel methods for the discovery of patient subtypes across multiple datasets and curatedBreastData, a Fig. 1 CoINcIDE steps. The four main steps to CoINcIDE, a method to discover replicable patient subtypes by finding consensus across datasetspecific clusterings from multiple datasets. The first step of CoINcIDE is to derive these dataset-specific clusterings. The second step is to compute cluster-cluster similarities between each cluster-cluster pair, resulting in an adjacency matrix (clusters within the same dataset are not compared). The third step is to assign an edge between cluster pairs whose similarity passes set magnitude and significance thresholds, with the weight of the edge equaling the similarity magnitude. This creates a network. The fourth step is to then discover meta-clusters via network community detection methods. The resulting meta-clusters are the final subtypes breast cancer dataset collection providing 24 high-quality curated breast cancer microarray datasets.
Breast cancer collection: curatedBreastData
We used 17 gene expression microarray datasets from the curatedBreastData Bioconductor package; this package includes primary human tissue breast cancer datasets collected from the National Center for Biotechnology (NCBI) Gene Expression Omnibus (GEO) [18] . Datasets with sample sizes over 30 and a minimum 35-gene set from the full PAM50 gene set [19] (Additional file 1: Table S1 ) were used for analyses. Datasets with sample sizes under 30 did not comprise unique studies, but rather were small sets of microarrays from larger studies (also included in curated-BreastData) that had been run on different platforms. These filters resulted in 2,235 pre-treatment patient tumor sample microarrays encompassing 17 datasets and 15 studies across six different platforms. See Table 1 for dataset names and platform details; sample sizes ranged from 46 to 286 and the average number of genes per platform was approximately 11,000.
Ovarian cancer collection: curatedOvarianData
We used 24 gene expression microarray datasets from the curatedOvarianData Bioconductor package [17] . These datasets contain primary tissue samples from pretreatment ovarian tumors with various histological types. Datasets were used that had over 80 % of genes from the meta-rank gene sets as described in later sections. This filter resulted in 3,105 samples, 10 microarray platforms, and 24 datasets with two of the datasets derived from the same GEO study. Table 2 gives details for each dataset; sample sizes ranged from 28 to 578 and the average number of genes per platform was approximately 15,000.
CoINcIDE
CoINcIDE encompasses four steps to discover and visualize replicable patient subtypes by finding consensus across dataset-specific clusterings from multiple datasets. The clusters are represented as nodes in a network, and the final subtypes are meta-clusters of tightly connected clusters within this network. The four main steps of CoINcIDE are outlined in Fig. 1 .
Step 1: Select features and cluster each individual dataset
The input to our proposed method is a collection of datasets. Each matrix has genes or features in the rows and patients or samples in the columns. Based on extensive analysis (Additional file 1: Table S2 ; Additional file 2: Supplemental Methods), for microarray gene expression applications, we suggest consensus clustering [12] implemented with Hartigan Wong's k-means algorithm [20] using one random start and 90 % resampling of samples along with a rounded Proportion of Ambiguous Clusters (PAC) score [21] as the optimal single-dataset clustering method (see Additional file 1: Table S2 , All breast cancer datasets are from the Gene Expression Omnibus (GEO). 'Batch dataset' does not refer to a lab replicate batch, but rather a group of microarrays from a larger study that were run on a different platform, or collected from a different site. These batch labels were inferred from GEO sample file names. GSE = GEO series ID prefix Additional file 2: Supplemental Methods, and Additional file 3: Figures S1 and S2 for details). Each individual dataset is clustered using a gene set that represents a union of the genes present across all microarrays. The user can decide the minimum number of genes that have to overlap between different datasets with suggested thresholds ranging from 70 % to 100 %. If the user does not have a pre-defined gene set, CoIN-cIDE also includes a meta-ranking gene selection method (see Additional file 2: Supplemental Methods for details).
Step 2: Compute similarities between clusters from different datasets
The CoINcIDE cluster-cluster metrics and significance test build upon the In-Group-Proportion (IGP) [16] . After each dataset is clustered in CoINcIDE's step 1, clusters from dataset 1 and clusters from dataset 2 are compared as follows: centroids are derived from the clusters within dataset 1. Then, each cluster from dataset 2 is compared to these centroids. Patients from dataset 2, cluster A ('2-A') are each assigned using Pearson's correlation to their respective nearest centroid in dataset 1. The centroid for which the highest fraction of patients from cluster '2-A' are assigned is deemed the best cluster fit for cluster '2-A'; let us assume in this case cluster '1-C' is the best fit. Two cluster-cluster metrics are then calculated: a nearest neighbor fraction, which is the number of patients in cluster '2-A' assigned to cluster '1-C' divided by the total number of patients in cluster '2-A' , and a similarity metric, which is the overall mean of Pearson's correlation matrix between cluster centroid '1-C' and all patients in cluster '2-A'. This is done for each cluster in dataset 2.
For the optimal '2-A'-'1-C' cluster-centroid set match, a P value is computed by generating null centroid sets based on the centroid sets in dataset 1 using the IGP null distribution methods [16] ; the final P value is the number of times the real patients from '2-A' were assigned to a null centroid set that resulted in a mean similarity metric and a nearest neighbor fraction greater than the true '2-A'-'1-C' values. We suggest 500 null centroid iterations to compute this P value. CoINcIDE uses the third null centroid set method proposed by Datasets were collected from several repositories, including GEO. GSE = GEO series ID prefix; this prefix is only included for datasets taken directly from GEO Kapp and Tibshirani; this is the same method used in the authors' R package, clusterRepro [16] . Finally, the roles of datasets 1 and 2 are reversed so that the centroids are derived from dataset 2 and the clusters in dataset 1 are treated as individual datasets. Cluster '2-A' and cluster '1-C' are only considered to be potentially similar clusters if they are identified as the most similar cluster-cluster pair in both iterations with datasets 1 and 2. Assuming this is the case, the nearest neighbor fraction and similarity metric are averaged, and only these cluster-cluster pairs are evaluated in step 3.
Step 3: Derive cluster network by assigning edges to similar clusters
Cluster-cluster pairs that pass user-defined nearest neighbor fraction, mean similarity metric and P value thresholds are assigned an edge. The weight of this edge is the mean similarity metric. We recommend an averaged nearest neighbor fraction of 0.7 and a P value threshold of 0.01 (applied to both P values from the cluster-cluster pair) to produce highly significant clusters with strongly homogenous patient make-up. A user can test various mean similarity thresholds, which will produce slightly different CoINcIDE meta-clusters. Because CoINcIDE takes into the account the similarity value of each edge (see Step 4), a few edges with low mean similarity weights will not highly alter the final meta-cluster patient assignments. On the other hand, aggressively pruning edges by using a similarity threshold near the maximum possible value of one will certainly remove clusters, and perhaps entire datasets, that contain reliable signaling patterns, albeit with some added noise. We recommend an unbiased method to select the minimum mean similarity threshold, which involves inspecting the frequencies of mean similarity values across all datasets between all clusters (including mean similarities between non-optimal clusters.) We fit these frequencies to a Gaussian density curve for visualization and inspection; we recommend using a threshold value close to the similarity metric value that occurs at a local maximum or peak that is greater than a 0.1 baseline threshold.
For the two breast cancer PAM50 analyses we used similarity thresholds of 0.15 and 0.25 based on these density curves (Additional file 3: Figure S3A -B). The final meta-cluster patient assignments are not highly affected by small changes in the similarity threshold; running the first breast cancer analysis also using a threshold of 0.25 produced the same results. For the 50, 264, and 2020-gene set non-PAM50 analyses, similarity thresholds of 0.4, 0.5, and 0.5 were chosen, respectively, as these values represented a local maxima in the density curve for these experiments (figure not shown.) Using the density curve method again, we chose a threshold of 0.5 for both ovarian analyses (Additional file 3: Figure  S3C -D). In the second ovarian analysis's density curve, there are two local maxima above the recommended 0.1 threshold, one at 0.5 and one at 0.7 (Additional file 3: Figure S3D ). We thus ran two separate CoINcIDE analyses using each maxima as a threshold to better understand how the resulting networks differ.
Step 4: Identify meta-clusters using network community detection methods
The Girvan-Newman community detection algorithm is then used to identify meta-clusters. This algorithm takes as input the edge and edge weight matrices derived from a sample-sample adjacency matrix, and outputs the final discovered meta-clusters [22] (Fig. 1 ). CoINcIDE implements the Girvan-Newman algorithm using the R package igraph [23] . To ensure meta-clusters of a reasonable size, meta-clusters with clusters from less than three unique datasets are removed from the final network.
CoINcIDE evaluation with simulated dataset clusters
Seven different sets of clustered datasets were simulated from a real gene expression dataset containing four tissue types using Eigen decomposition methods (see Additional file 2: Supplemental Methods for details.) Each set contained 10 datasets constructed in a similar manner. Unless noted, a cluster was defined to contain all patient samples of the same tissue type. All clusters contained the logged expression of 200 simulated genes (see Additional file 3: Figure S4 for example simulated expression heatmaps.) The first set contained datasets with evenly sized clusters of 50 patient samples each for all four possible tissue types (Additional file 3: Figure  S4B ). The second set contained clusters derived in a similar manner to set one, but each cluster was assigned a random size ranging from 1 to 100 samples; the third set extended the methods of the second set by allowing a random number of clusters per dataset ranging from 2 to 4 clusters, and the fourth set allowed the number of clusters to randomly range between 1 and 4. The fifth and sixth sets combined the different cluster sizes from set three with the number of clusters in each dataset ranging from 2 to 4 and then 1 to 4, respectively. In the seventh and final set, two of the clusters from set 1 were replaced by clusters with a random mixture of tissue types (Additional file 3: Figure S4C ).
For each of these seven sets, random normal noise with a mean of zero and increasing standard deviation from 0 to 2.4 was added to each of the 10 datasets. Each set was simulated 50 times, and true positive rates (TPR) and false positive rates (FPR) from the CoINcIDE metaclusters were computed and averaged across all 50 iterations. A true positive was defined as an edge being connected between two clusters of the same tissue type.
Finally, several minimum mean similarity thresholds ranging from 0.0 to 1.0 were tested. The minimum nearest neighbor fraction was held at 0.7, the individual P value maximum threshold was held at 0.01 and subtypes with less than three unique datasets were removed to match the thresholds used in all CoINcIDE analyses with real data.
CoINcIDE evaluation with breast cancer PAM50 centroid clusters
We first implemented CoINcIDE under a highly controlled, semi-supervised clustering scenario to ensure that CoINcIDE can re-discover known signal. We used the PAM50 centroid sets that define five breast cancer subtypes using 50 genes [24] to derive highly distinct, clear clusters; these are well-established centroid sets [3, 25, 26] . The original PAM50 centroids for each of the five breast cancer subtypes (Normal, Basal, Luminal A, Luminal B, and HER2) were downloaded online from the UNC Microarray Database [27] . HUGO gene symbols were updated to their latest version using the HGNChelper R package [28] . No dataset had less than 35/50 of these genes; this minimum 35-gene set contained the key hormonal signaling genes ESR1 and ERBB2 (Additional file 1: Table S1 ). Each group of patients assigned to a specific PAM50 subtype (centroid) within a dataset was defined as a cluster (the maximum number of PAM50 genes found in each dataset was used to make these assignments.) Pearson's correlation was used to assign a patient to the optimal PAM50 subtype, as this is the similarity metric used by the commercial PAM50 platform algorithm [29] .
CoINcIDE application with de novo PAM50 gene set clusters
The PAM50 feature set was used again, allowing the maximum number of PAM50 genes found in a specific dataset to cluster that individual dataset. Each dataset was now de novo clustered using the suggested methods from CoINcIDE Step 1.
Comparison of CoINcIDE with concatenated matrix clustering
CoINcIDE was compared with the method of concatenating datasets and then clustering them to compare their abilities to discover replicable and biologically intuitive subtypes. Because concatenation requires that all features are found across all datasets, CoINcIDE was rerun using only the minimum 35-gene PAM50 gene set found across all 17 datasets (Additional file 1: Table S1 ) for a fair evaluation; a similarity threshold of 0.3 was implemented based on the density plot (figure not shown).
All 17 breast cancer datasets were included in the concatenated data matrix. Concatenated matrices were tested with three transformation methods: no transformation, gene-wise Batch Mean Centering (BMC) and ComBat [9] ; each transformation was run before clustering the concatenated matrix (see Additional file 2: Supplemental Methods for details). The effects of the BMC and ComBat transformations on the actual PAM50 centroid classifications were also investigated by using the PAM50 centroid classification of each patient as the actual subtype, before any transformations, after BMC, and alternatively after ComBat. A supervised analysis using the baseline non-transformed datasets was also run using the full PAM50 gene set, to ensure that using the smaller intersecting PAM50 gene set on the BMC and ComBat supervised analyses did not significantly alter AUC values. Survival analyses were conducted for all breast cancer analyses (see Additional file 2: Supplemental Methods for details). Finally, to inspect the effect of BMC on CoINcIDE, BMC was applied to each individual dataset using the maximum number of PAM50 genes found in each dataset and then CoINcIDE was run, using the same parameters as the initial de novo PAM50 CoINcIDE analysis. The effect of ComBat on CoINcIDE was not inspected because ComBat cannot be run on an individual dataset.
CoINcIDE application with breast cancer meta-rank gene de novo clusters
CoINcIDE was then run using the same k-means clustering scheme as in the above methods section with three meta-ranked gene lists to test CoINcIDE on differing gene set sizes that contained none of the PAM50 genes included in the earlier clustering gene sets. Gene sets of 50, 264, and 2,020 genes were selected via the meta-ranking algorithm (PAM50 genes were removed before the meta-ranking algorithm was run.) The 50gene set test was included because the PAM50 gene set includes 50 genes. This gene set could not include the top 20 dataset-specific genes for each dataset, as this resulted in more than 50 genes (Additional file 1: Table  S3 ; see Additional file 2: Supplemental Methods for details on the meta-rank algorithm), but the latter two feature sets did include these additional top-ranked genes by dataset. Initial global meta-rank sets of 200 and 2,000, respectively, were chosen, and then any nonintersecting genes that were ranked in the top 20 genes by mean absolute difference for a specific dataset were included. This resulted in two features sets with 264 and 2,020 genes (Additional file 1: Tables S4 and S5, respectively.)
CoINcIDE application with ovarian cancer meta-rank gene de novo clusters Finally, we tested CoINcIDE using the same k-means clustering scheme as in the above methods section with two meta-ranked gene lists to test CoINcIDE differing gene set sizes. The two gene sets were chosen in exactly the same manner as the breast cancer 200 and 2,000 initial global-rank sets with additional dataset-specific intra-ranked genes. This resulted in two features sets with 240 and 2,014 genes (Additional file 1: Tables S6 and S7, respectively.)
Results
CoINcIDE: A framework for subtype discovery across multiple datasets
CoINcIDE is a novel framework that identifies patient subtypes, or meta-clusters, from clustering individual datasets and then assigning edges between similar clusters across datasets to create a network and identify subtypes through community detection ( Fig. 1) [22] . The resulting subtype network provides a robust platform for evaluating the effect sizes of genes within each subtype across multiple datasets and an intuitive visualization technique to better understand cluster-cluster and dataset-dataset interactions. To demonstrate our work to cluster across multiple datasets and discover replicable subtypes, we first use simulated datasets, and then we use two collections of cancer data: a breast cancer collection and an ovarian cancer collection. The breast cancer collection constitutes 2,719 patients from 24 breast cancer gene expression studies encompassing 34 datasets (Table 1 ) [30] . The ovarian cancer collection contains 3,105 patients from 24 gene expression microarray datasets ( Table 2 ) [17] . We first validate CoINcIDE using simulated data to illustrate the performance of Co-INcIDE in a controlled environment. Subsequently we apply CoINcIDE on these two cancer dataset collections to showcase its abilities on a disease with well-known subtypes, that is, breast cancer, and one without established subtypes, ovarian cancer.
CoINcIDE re-discovers ground truth subtypes in silico and in a breast cancer collection
We used a gene expression dataset containing four different lung tissue types to simulate highly distinct patient clusters using different scenarios: equal cluster sizes, mixed cluster sizes, and then mixes of both number of cluster sizes and numbers of clusters per dataset (see Methods and Additional file 3: Figure S4 ). Across seven simulation scenarios for varying levels of noise and mean similarity metric thresholds, CoINcIDE rediscovered the tissue-specific subtypes with high TPRs and low FPRs (Fig. 2) . A minimum similarity threshold of 0.3 maintained high TPRs and zero FPRs for all simulations; only when this threshold was lowered to 0.0 did we observe FPRs over 1.0 % (Fig. 2 , Additional file 3: Figure S5A -G). The TPR for all seven simulation scenarios with increasing noise levels decreased as the minimum mean similarity threshold was increased (Fig. 2 , Additional file 3: Figure S6A -G). The final simulation, serving as the negative control, had a lower TPR rate for all similarity thresholds, as noisy clusters were never assigned edges to any other clusters (Additional file 3: Figure S5G and Figure S6G ). Simulations with a random number of clusters that allowed datasets to have only one cluster tended to have a slightly lower TPR for all noise levels (Additional file 3: Figure S6D and F).
Next, for our first breast cancer analysis, we used the supervised PAM50 centroid classifier that defines five breast cancer subtypes using 50 genes [24] to derive highly distinct, clear clusters. We defined each group of patients assigned to a specific PAM50 subtype within a dataset as a cluster. CoINcIDE correctly re-discovered all five PAM50 subtypes, with all patients in the network assigned to their true PAM50 subtype (Fig. 3a) . These CoINcIDE meta-clusters were not affected by small variations in the similarity threshold level used; for example, while the threshold used was 0.15 for this CoINcIDE analysis based off of the similarity density curve (Additional file 3: Figure S3A ), applying a threshold of 0.3 to both this PAM50 feature set breast cancer analysis and the subsequent de novo PAM50 clustering analysis described below did not change any of the final metacluster results.
The corresponding PAM50 centroid CoINcIDE network shows the relationships between the five metaclusters ( Fig. 3b , Additional file 3: Figure S7 ); except for one cluster, the Basal meta-cluster which is highly separated from all other meta-clusters. Clusters from one dataset (dataset 17 in Table 1 ) had no edges that passed the CoINcIDE thresholds for the PAM50 centroid classifier analysis, and thus were not present in the final network (Additional file 3: Figure S7 ). This same pattern was observed for all of the breast de novo clustering analyses described in later sections. Clusters from the three two-channel microarray datasets (datasets 1, 12, and 13 in Additional file 3: Figure S7 ) tended to be more weakly connected than clusters from the other datasets, which were all one-channel microarrays ( Table 1) .
In logistic regression models combining treatment status variables and PAM50 centroid CoINcIDE metacluster assignments for each patient, the AUCs for predicting binary pathological complete response (pCR), relapse-free survival (RFS), and disease-free survival (DFS) were 0.762, 0.627, and 0.609, respectively (Additional file 1: Table S8 , Fig. 4a-c) . Adding the meta-cluster assignments in addition to baseline treatment status models was significant (P value <2.2E-16, 2.24E-05, and 1.51E-03; see Additional file 1: Table S8 and Additional file 2: Supplementary Methods for details).
CoINcIDE identifies known breast cancer subtypes using de novo clusterings from 17 datasets
Next, we used CoINcIDE to find de novo clusters in the breast cancer cohort using the PAM50 gene set. CoINcIDE discovered five subtypes (Fig. 5a ); one was a Luminal A/Luminal B mixture, one was predominantly Luminal A, one was a HER2/Luminal B mixture, and two were predominantly Basal. The second Basal meta-cluster contained only three datasets (Additional file 3: Figure S8 ). The AUCs for treatment status plus meta-cluster assignment were 0.762, 0.657, and 0.620 for predicting pCR, RFS, and DFS, respectively ( Fig. 4d-f ); the corresponding P values for adding meta-cluster assignments to baseline treatment status were <2.2E-16, 4.40E-09, and 1.04E-03 (Additional file 1: Table  S8 ). In the final network, several edges crossed between the Luminal A and Luminal A/B meta-clusters ( Fig. 5b) . Next, we compared CoINcIDE to concatenating all 17 datasets using only an intersecting 35-gene PAM50 feature set, as concatenation requires an intersection, as opposed to a union, feature set (see Methods for details and Additional file 1: Table S1 for the intersection gene set). CoINcIDE discovered meta-clusters of similar make-up to the PAM50 de novo analysis reported above, but it did not discover a HER2 meta-cluster and instead of 2 Basal meta-clusters, it discovered 2 Luminal A metaclusters (Additional file 3: Figure S9A clustering with no between-dataset transformation, which acted as a baseline concatenation model, discovered three subtypes (clusters); these clusters were highly heterogeneous in terms of PAM50 subtype signal (Fig. 6b ). Concatenated clustering with gene-wise batch mean centering (BMC) discovered 2 subtypes, one predominantly Basal and one mixed Luminal A, B, and HER2 (Fig. 6c ). Concatenated clustering with ComBat discovered three subtypes, one predominantly Basal, one predominantly Luminal A, and one mixed Luminal B/HER2 (Fig. 6d) .
The AUC values for predicting pCR, RFS, and DFS each of these concatenated clusterings were all fairly similar and ranged from 0.583 to 0.606 (Additional file 1: Table  S8 and Additional file 3: Figure S10D -H). The status of each patient's PAM50 subtype status was also calculated after each transformation for comparison; patient PAM50 subtype status was heavily altered by the between-dataset transformation methods; BMC altered the PAM50 subtype classification of 821 patients and ComBat altered the classification of 673 patients when compared to the baseline PAM50 classifications (Additional file 3: Figure S11A Table S8 for details). We then investigated whether the CoINcIDE de novo PAM50 analyses produced subtypes with similar prognostic significance as subtypes derived in a supervised manner using the PAM50 centroid classifications directly as patient subtypes (see Supplemental Methods in Additional file 2 for details). Transforming the datasets using BMC or ComBat before the supervised centroid analysis did not improve prognostic performance, and in some cases the performance decreased after these transformations (see Additional file 3: Figure S10I -Q and Additional file 1: Table S8 for details). CoINcIDE, using either the intersecting or full PAM50 gene set to derive de novo clusters for each dataset, performed comparably or better in terms of AUC compared to these supervised analyses (Additional file 1: Table S8 ).
Finally, as our last evaluation of CoINcIDE using the curated breast datasets, we ran de novo clustering analyses using meta-ranked gene sets based on gene expression variance without using PAM 50 genes (see Methods for details.) We derived gene sets of 50, 264, and 2,020 genes. All three non-PAM50 de novo CoINcIDE analyses produced subtypes with similar patient make-up as the PAM50 de novo CoINcIDE analysis (Additional file 3: Figure S13A , C, and E). All three of the non-PAM50 analyses were more predictive of outcomes than any of the concatenated clustering analyses (Additional file 1: Table S8 ); in particular, the non-PAM50 264-gene set CoINcIDE analysis produced subtypes with an AUC of 0.757 when combined with treatment status to predict pCR (Additional file 1: Table S8 , Additional file 3: Figure  S10U ). This result is comparable to those of both the semi-supervised PAM50 centroid classification and de novo PAM50 CoINcIDE analyses and better than the A B Fig. 5 CoINcIDE PAM50 gene set de novo clustering analysis. a Bar plots summarizing patients in the CoINcIDE PAM50 de novo clustering meta-clusters or subtypes by their PAM50 classification. b Resulting cluster-cluster network for PAM50 de novo clustering across 16 datasets; one dataset did not have clusters that met the P value, nearest neighbor fraction, and mean similarity thresholds (0.01, 0.7, 0.25, respectively.) Node size is scaled to the relative number of samples in each cluster models produced by the supervised PAM50 analyses (Additional file 1: Table S8 ).
CoINcIDE identifies novel subtypes in ovarian cancer with prognostic significance and associated therapeutic targets
Next, we used CoINcIDE on the ovarian cancer datasets to discover novel subtypes using de novo meta-ranked gene sets in the same manner as the non-PAM50 CoIN-cIDE analyses (see Methods for details.) Two gene lists, one small (that is, 200 meta-ranked genes + 40 additional non-intersecting intra-rank genes) and one large (that is, 2,000 meta-ranked genes + 14 intra-ranked genes) were used, resulting in two CoINcIDE de novo clustering analyses (Additional file 1: Tables S6 and S7, respectively). These analyses incorporated 24 datasets from the curate-dOvarianData collection [17] .
Using the ovarian cancer 240-gene de novo clusters as inputs, CoINcIDE discovered three meta-clusters, or subtypes ( Fig. 7a-b) ; subtypes 1 and 2 contained predominantly patient tumor samples with serous histology and subtype 3 contained mixed tumor histologies (Additional file 3: Figure S14A ). From the TCGA dataset, two of the serous clusters were assigned to the two different serous subtypes, while the third serous cluster was not assigned any edges and thus was not included in the final network (Additional file 3: Figure S15A ).
An effect size analysis was run on the dataset clusters assigned to each CoINcIDE subtype to identify marker genes for each subtype. A GSEA analysis using genes with an effect size of at least 0.5 for each subtype revealed distinctive signaling patterns; subtype 1 was enriched in gene sets for immune signaling, subtype 2 was enriched in gene sets for classic oncogenes such as PTEN, P53, and KRAS and cell development, and subtype 3 was enrichments in gene sets for VEGF and RAF pathways. Each subtype contained distinct potential drug target genes as defined by the Druggable Genome [31] with an effect size greater than 0.75 (Additional file 1: Tables S9 and S10). These subtypes significantly stratified patients both by overall survival and survival with a 5-year cutoff ( Table S1 ). PAM50 centroid assignments were made on the pre-transformed concatenated datasets to allow for direct comparison between all four subtype discovery methods. See Additional file 3: Figure S9B for the corresponding CoINcIDE network figure for (a) respectively). The mixed histology subtype contained sparse outcomes data and had the worst outcome ( Fig. 7b ).
Using the larger 2,014-gene set, CoINcIDE discovered six subtypes ( Fig. 7c-d) ; subtypes 1 to 3 contained predominantly patient tumor samples with serous histology, subtypes 4 and 5 contained mixed histologies, and subtype 6 contained predominantly mucinous tissue samples; the three serous subtypes contained the majority of the patients in the network (Additional file 3: Figure  S14B ). One of the 24 input datasets was not used because it did not contain 80 % of these 2,014 meta-ranked genes, leaving 23 datasets for analysis (Additional file 3: Figure S15B ).
We again used an effect size analysis to identify marker genes for each subtype and analyzed them using GSEA. This analysis revealed that subtype 1 was enriched in gene lists for immune signaling and Huntington's and Parkinson's disease, subtype 2 was enriched in gene lists for DNA repair and cell cycle signaling, subtype 3 was enriched in gene lists for classic oncogenes such as Notch and mTOR signaling, subtype 4 was enriched in gene lists for metabolism signaling, subtype 5 was enriched in gene sets for HIV/immune signaling, and subtype 6 was enriched in gene lists for apoptosis. Each subtype contained distinct potential drug target genes as defined by the Druggable Genome [31] with an effect size greater than 0.75 (Additional file 1: Tables S11 and S12).
These six ovarian cancer subtypes significantly stratified patients both by overall survival and survival with a 5-year cutoff (P values of 6.84E-06 and 8.16E-06, respectively). Because the non-serous subtypes contain sparse outcomes data, we cannot make strong inferences about the clinical utility of these subtypes, and thus we will focus our discussion on the three serous subtypes. The 5-year Kaplan Meier survival curve shows a distinct survival stratification between the serous immune and the serous DNA repair and oncogene subtypes (metaclusters 1 versus 2 and 3, Fig. 7d) . A similar analysis with only the three serous subtypes was also highly significant (figure not shown; P value of 7.93E-06). Meta-clusters 1, To compare the prognostic significance of the full set of six CoINcIDE subtypes against that of standard clinical variables, we also ran univariate Cox proportional hazards models using histological type, tumor grade, and tumor stage. Histological type and tumor grade were weakly prognostic for overall survival (P values of 4.00E-02 and 3.26E-03, respectively) and with a 5-year cutoff (P values of 1.00E-01 and 1.30E-02, respectively). Tumor stage significantly stratified patients by both overall survival and with a 5-year cutoff (P values of 8.80E-12 and 1.35E-09, respectively). The CoINcIDE subtypes were not strongly defined by tumor stage (Additional file 3: Figure S16 ), suggesting that CoINcIDE captures novel clinically relevant signal.
When the second global density curve maxima similarity threshold of 0.7 (Additional file 3: Figure S3D ) was used, CoINcIDE discovered seven subtypes; 5/7 of these subtypes had greater than three datasets and closely mirrored the subtypes found in the 0.5 threshold analysis, including the three large serous clusters (Additional file 3: Figure S17A -B). These subtypes significantly predicted overall and 5-year cutoff continuous outcomes (Additional file 3: Figure S18) with P values of 2.52E-04 and 3.46E-04, respectively. Several of these meta-clusters (meta-clusters 5, 6, and 7) had less than 30 outcomes recorded; if these clusters are removed, the overall and 5-year cutoff survival P values were higher, but still significant at 6.63E-03 and 2.81E-03, respectively.
We further confirmed the stability of the three serous meta-clusters from the large gene list CoINcIDE analysis (using the initial 0.5 similarity threshold) by removing the TCGA dataset and re-running CoINcIDE. Removing this large, high-quality dataset did not change any of the other dataset clusters' final assignments in the three serous subtypes (Additional file 3: Figure S19A-B) ; the assignments for the three non-serous subtypes also did not change because none of these contained clusters from the TCGA dataset. These CoINcIDE subtypes without the TCGA dataset still significantly stratified patients by overall survival and with a 5-year cutoff (P values of 1.05E-04 and 3.67E-05, respectively).
Discussion
We present here CoINcIDE, a framework for discovery of patient subtypes across multiple datasets. The simulated tissue cluster data results show that CoINcIDE performs well with reasonable noise levels, clusters with differing sample sizes, and datasets with differing numbers of clusters. The TPR slightly decreased for simulations that allowed datasets to have a single cluster, in part because CoINcIDE does not allow for the comparison of clusters that are both derived from datasets with only one cluster. CoINcIDE is conservative in that it maintains a low FPR even as noise levels increase; even when the minimum mean similarity threshold was set to 0.0, the FPR rate never increased above 10 %. CoINcIDE also does not assign edges between low-quality, noisy clusters, as seen in the final simulation where 50 % of the clusters were samples randomly selected from all tissue types (Additional file 3: Figures S5G and S6G) . These results give us confidence that CoINcIDE can identify true subtypes in scenarios that mimic real-life datasets with varying noise levels, numbers of clusters, and sizes of clusters.
The CoINcIDE PAM50 centroid cluster breast cancer analysis re-discovered the PAM50 subtypes, confirming CoINcIDE's accuracy on a large database of real gene expression datasets. We acknowledge that completely accurate PAM50 subtypes can only be achieved using the commercially available platform, nor are the PAM50 subtypes a ground truth, but simply a set of subtypes known to be replicable [32] . However, using the PAM50 centroids to assign patients to PAM50 subtypes, we have illustrated that CoINcIDE accurately captures known clinically relevant subtypes. Additionally, the pCR, or treatment response, AUC of 0.762 closely matches the reported AUC of 0.78 from the initial PAM50 publication [3] , showing that CoINcIDE also produces metaclusters with expected correlative patterns to an external response variable.
The CoINcIDE breast cancer networks discovered also reflect known hormonal signaling patterns in breast cancer; for example, the full PAM50 set de novo clustering Basal meta-cluster was highly separately from the other meta-clusters, and contained tightly interconnected clusters (Fig. 3a) . This trend was also seen throughout the non-PAM50 gene set analyses (Additional file 3: Figures S11A, C, and E). Basal breast tumors are considered to be fairly distinct from other tumor subtypes, in terms of treatment response, gene expression, and mutation patterns [33] . Clusters of various sizes and hormonal status, from various microarray platforms with various mixtures of subtypes, were included in the final breast cancer networks, highlighting CoINcIDE's ability to overcome dataset-specific noise without any additional dataset transformations beyond baseline intra-dataset normalization.
The CoINcIDE meta-cluster network visualizations are an intuitive data exploration tool to help researchers identify such potential biases. For example, although it did not heavily affect the final overall meta-clusters, the two-channel dataset clusters in the breast analyses had far fewer edges assigned to other clusters than the one-channel dataset clusters (this platform bias was not observed in the ovarian cancer networks.) It is also easy to identify a highly replicable, robust subtype as a metacluster with many nodes (clusters) tightly connected by many edges with very few edges spanning across to other meta-clusters.
The PAM50 gene set de novo cluster CoINcIDE analysis using k-means consensus clustering showed that CoINcIDE can discover biologically intuitive signal when each dataset is de novo clustered in an automatic, unbiased fashion. A consistent pattern seen in all breast cancer analyses was that the CoINcIDE subtypes discovered tended to be more significantly prognostic (that is, lower P values) in outcomes models for treatment response (pCR) than long-term outcomes (RFS or DFS); in fact, the de novo clustering analysis achieved the same pCR AUC as the PAM50 centroid clustering pCR AUC (Additional file 1: Table S8 ).
The concatenated dataset analyses show how transformation techniques to remove dataset-specific artifacts can significantly alter actual biological signal found in a dataset. This emphasizes the importance of methods like CoINcIDE that require no between-dataset normalization, especially when researchers are searching for finer-grained subtypes whose assignments may change heavily with any transformations. However, while applying no transformation, BMC or ComBat resulted in highly different concatenated clustering results ( Fig. 6) , applying BMC to each individual dataset did not heavily alter CoINcIDE's results, suggesting that CoINcIDE is also reasonably robust to different normalization procedures. CoINcIDE also discovered either clearer subtypes in terms of known PAM50 signal and/or presented more finer-grained subtypes for greater exploratory analyses in comparison to the concatenated analyses. CoINcIDE also identified a potential outlier (or highly distinct) dataset whose clusters were never assigned edges to any clusters in other datasets for any gene set tested. This dataset did not fall out as a separate cluster in any of the concatenated clusterings, but rather was smoothed over the different subtypes.
Similar AUC results as those from the PAM50 de novo CoINcIDE analysis were achieved when using de novo meta-ranked gene sets that did not include the PAM50 gene set; these results outperformed all of the concatenated clustering results, regardless of whether BMC or ComBat was applied (Additional file 1: Table  S8 ). These prognostic results using CoINcIDE also performed comparably, and oftentimes better, than a completely supervised approach using the PAM50 centroid classifications, with or without transforming the data a priori using BMC or ComBat (Additional file 1: Table  S8 ). We acknowledge that these results do not reflect the accuracy or usefulness of the commercial PAM50 platform performed in a controlled laboratory setting; rather, they show that CoINcIDE can produce subtypes with similar prognostic significance than those derived from much more controlled supervised methods. It also appears that for supervised analyses, transformations such as BMC or ComBat have negligible effects in terms of producing subtypes that can accurately predict outcomes (when combined with treatment information), but these transformations have much stronger negative effects when unsupervised cluster analyses are used to derive the subtypes. However, the latter approach is oftentimes needed when a researcher or clinician is not aware a priori of the key patient subtypes in a disease.
An additional benefit to CoINcIDE over concatenated dataset analyses includes shorter analysis run-times; kmeans clustering on a large concatenated dataset can be computationally intensive. Finally, CoINcIDE also provides metrics to interpret the replicability and quality for each specific subtype. The CoINcIDE R package reports the number of datasets with clusters assigned to each subtype that passed significance and similarity thresholds, and how many edges for that subtype were assigned to clusters within the same subtypes. A user can easily interpret not only these quantitative metrics, but also the resulting network visualizations. The CoINcIDE package includes between-dataset normalization methods like ComBat so that they can be compared alongside a CoIN-cIDE analysis.
The ovarian analyses showed that CoINcIDE can provide important biological insight into a disease for which clear gene expression subtypes have proven elusive [34] ; this ambiguity in signal is manifested in the CoINcIDE networks for both the short and long gene list analyses that have several edges spanning different meta-clusters ( Fig. 7a and c) . However, the effect size analyses on each CoINcIDE meta-cluster provide biological hypotheses for which genes may be the most robust in differentiating ovarian subtypes, in particular the serous subtypes. For example, in the short-gene list CoINcIDE ovarian analysis, the Druggable Genome [31] gene CYP4B1 had the highest effect size (0.676, Additional file 1: Table S9 ) in the serous meta-cluster 1. The expression of this gene has been confirmed stratify non-platinum-resistant serous ovarian cancer patients that do not and do have recurrences after a taxane regimen [35] . While this effect size is relatively modest, it is a robust measurement across several datasets, and suggests that CYP4B1 may provide insights into therapy for ovarian cancer patients tailored by subtype. In the long-gene list CoINcIDE ovarian subtypes, CYP4B1 had an even higher effect size (0.853, Additional file 1: Table S11) for the serous metacluster 1, further highlighting its potential use as a druggable target.
